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Abstract: In electrified railways, the traction power systems carry power to trains and their 
reliability is vital to the quality of train services.  There are many components in the traction 
power system, from interface with utility distribution network to contacts with trains, and they 
are physically located along the rail line.  Subject to usage, environment and aging, conditions of 
components deteriorate with time.  Regular maintenance has to be carried out to restore their 
conditions and prevent them from failure.   However, the decisions on the suitable length of 
maintenance intervals often lead railway operators to the dilemma of minimising both risk of 
failure and operation cost.  Based on a stochastic lifetime model, this paper presents a generic 
software evaluation tool which enables the operators to manage risk of failure and cost 
quantitatively in order to match their preferred levels of service quality.  The lifetime model 
includes the effects of condition restoration due to maintenance of regular intervals; and aging 
acceleration because of electrical stress from traffic demands.  Examples of simulation results are 
given to illustrate the applicability of this lifetime model. 
 
Keywords:   railway traction power, maintenance scheduling, lifetime model, electrical stress, 
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List of Symbols 
a, b : non-negative constants in the inverse power model 
C  : overall cost of maintenance and failure 
C   : mean overall cost of maintenance and failure 
BC  : breakdown cost 
MC  : maintenance cost 
F  : failure frequency 
F   : mean failure frequency 
 1
( )tl  : lifetime distribution 
( )tL  : cumulative lifetime function 
MN  : number of maintenance intervals in a period of time T 
FN  : number of failures in a period of time T 
( )tS  : surviving time distribution 
Ft   : random sample of failure time 
Mt  : maintenance interval 
ut   : useful lifetime period 
T  : a period of time in which a component is maintained 
MT  : time required for each maintenance work 
BT   : time to recover from a breakdown 
Fu  : random number between 0 and 1 
Uu  : intersection of exponential and Weilbull distributions in ( )tL  
V  : applied voltage 
α   : scale parameter of Weibull distribution 
β   : exponential parameter of Weibull distribution 
λ   : failure rate 
 
 
1.  INTRODUCTION 
 
Reliability and availability are the keys for quality of train services nowadays.  Unfortunately, 
there are many inter-connecting systems in railway operation and each is subject to wear and tear 
or even breakdown despite the advanced technology.   Maintenance is therefore essential to 
restore system conditions and keep the operation free of disruption due to outage. 
 
The traction power distribution network of an AC or DC electrified rail line [1] carries 
continuous power of adequate quality to the locomotives.  Its reliability is vital to train mobility, 
safety and thus the fulfilment of the transportation duties of the rail line.  In cases of equipment 
failure, isolations between feeding sections can be removed or rearranged to allow the feeding 
substation in one section to supply the adjacent one.  The inevitable overloading on the feeding 
substation implies such covering-up can only be stretched to a certain limit and train services 
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may still suffer as a result.  However, it is not common for railway systems to enhance 
availability with the luxury of redundancy as adopted in some power systems [2].  Maintaining 
the components within the traction power system in good conditions is therefore essential to the 
train services. 
 
A traction power system consists of a number of major components, such as feeding 
transformers, circuit breakers, overhead cables, insulators and bonding.  They are designed for 
heavy duties with long lifetimes but aging and hostile working conditions, particularly electrical 
and mechanical stress, may bring them to premature breakdown and lead to an outage.  
Preventive maintenance is the commonly adopted practice in railway systems where 
maintenance work, often at different levels and costs, is carried out at a recommended time 
interval [3].   
 
Short maintenance intervals are necessary for heavily used systems and the cost is often well 
justified, but the maintenance windows available to the required work are usually precious.  On 
the other hand, lightly utilised lines have to be run on tight resources but any component failure 
still compromises the service quality and carries significant financial implications.  Noise 
restrictions, safety aspects, equipment availability and personnel roster are other constraints in 
determining maintenance intervals.  Maintenance scheduling is indeed the management of risk of 
failures and the subsequent disruption to the services against the available resources and liability 
undertaken. 
 
This paper presents a probabilistic approach to evaluate maintenance schedules on traction power 
system components.  A stochastic lifetime distribution of the traction power system components 
is established by taking the usage of the components, which is related to the traffic demand, into 
account as covariates of certain parameters of the distribution.  The probabilities of failure and 
the corresponding cost under different maintenance schedules are then attained.  The results 
provide the railway operators with a risk management supervisory tool through which the 
possible maintenance intervals for different components are evaluated according to resource 
constraints, traffic demand and capability to undertake service disruption.    
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2. TRACTION POWER SYSTEMS AND MAINTENANCE 
 
This section outlines the characteristics of railway traction power systems and highlights the 
importance and impact of their reliability to train services, as well as the usual practices on their 
maintenance scheduling. 
 
2.1 Power supplies systems 
Power for AC railway traction is obtained from utility supply system, at transmission or sub-
transmission voltage level, through traction feeding substations.  25kV traction network at 50 or 
60Hz is the most commonly adopted system.  The rail line is usually divided into a number of 
isolated feeding systems and each section is fed by a single-phase supply from a transformer 
within the section.  Power is carried to the trains through overhead catenary and current takes the 
rails as return paths.  High catenary voltage allows lower traction current and smaller power loss 
while the section length (or distance between adjacent feeding transformers) can be kept 
relatively long, typically over 10km.  Adjacent sections are supplied by different phases of a 3-
phase network and they are separated by track neutral.  Provisions of isolators and switchgear are 
necessary for track neutral and parallel sections to enable continual feeding in cases of failures 
and outages by isolating certain faulty equipment or section or even reconfiguring to a different 
feeding network.  By introducing booster transformers or autotransformers within the feeding 
section, the current is forced to return via the return conductors.  Such manipulation of current 
return path is however at the expense of more conductors (mostly overhead) along the lines and 
more complicated current distributions. 
 
DC railways are operated at much lower voltages.  600V, 750V and 1.5kV are the typical 
figures.  The DC traction power comes from trackside rectifier substations linked to the AC 
distribution network.  Each feeding substation covers a section of track but there is normally no 
isolation between adjacent sections.  The section length is substantially shorter because of the 
lower distribution voltage level.  It should be noted that the traction current can be as high as a 
few thousand amperes.  Overhead catenary or a third rail (or even trackside sliding contact), with 
running rail return, is employed to distribute power to trains.  Switchgear and isolators on AC 
side and circuit breakers on DC side are installed for protection and fault management. 
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2.2 Reliability and availability 
The power distribution system on the railway side, from utility supply to loads (i.e. trains), 
consists of a number of equipment and components, such as transformers, isolators, circuit 
breakers, overhead conductors, high-tension insulators and bonding etc.  Their functions vary, so 
do their sizes and ratings.  They are usually designed to cope with the worst-case scenarios in 
overloading, adverse weather conditions and, to certain extent, vandalism.  However, aging and 
frequent overloading (due to increased traffic demand) may accelerate deterioration.  The cost on 
equipment failure includes not only replacing the failed components, but also the indirect cost 
incurred by the possible outage and the subsequent loss of service. 
 
Strategically placed isolators and circuit breakers allow reconfiguration of the feeding 
arrangements upon fault occurrence in such a way that adjacent feeding sections are linked up to 
share the power sources.  This emergency measure prevents the train services from a complete 
halt but overloading at one feeding substation suggests the services may need to be reduced.  
Additional sets of equipment or components on hot stand-by can be made available to enhance 
availability, but such redundancy is only applied to major components, such as substation 
transformers [4-5], in heavily used lines because of the high cost required.   
 
While the availability of traction power system can only be guaranteed to maintain train services 
to a certain level and for a short period of time, the reliability of the power system components 
have to be sustained vigorously.  Regular maintenance is the general practice to restore the 
conditions of the components and contains the risk of failures.  Given the commercial 
constraints, increasing traffic, reduced access time and higher standard on reliability, the length 
of maintenance intervals is still sometimes based on experience with the particular equipment to 
maximise the in-service life with minimum maintenance.   
 
2.3 Maintenance and lifetime models 
Power system equipment and components are designed for long life expectancy, typically with 
40 years or more.  Even with substantial maintenance, the conditions of the equipment and 
components deteriorate once it reaches its life expectancy or beyond.  Failure rates increases and 
maintenance cost starts to escalate, replacement becomes a cheaper solution.  Most railways 
adopt time-based inspection/maintenance according to relatively conservative standards or 
manufacturers’ recommendations.  The popularity of reliability-centred maintenance grows as it 
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defines the required levels and intervals of maintenance work in order to ensure reliability of the 
overall system [6].  
 
The aging processes of certain equipment, such as transformers, switchgear, insulated cables etc., 
are related to electrical stress, which is in turn linked to traffic conditions.  On the other hand, 
components like overhead cables are basically a mechanical structure whose life is affected by 
density of trains (i.e. traffic conditions) and environment.  As a result, the amount and nature of 
maintenance work applied to each component is different, dependent on their structures, ratings, 
operation conditions and traffic demands. 
 
Maintenance scheduling for railway traction power systems, at the basic form, is to determine 
the appropriate maintenance intervals for different components while minimising risk of failure 
and cost.  Short maintenance intervals lead to assured reliability but the cost is high and the 
limitation in access time may make the schedule infeasible.  The balance tilts to the other end 
with long maintenance intervals.  For the railway operators to strike the right balance according 
to their own criteria, they must have the capability to quantitatively evaluate the corresponding 
risk and cost so that they can weight their options.  While maintenance interval is largely 
determined by the lifetime of the components, the evaluation of risk and cost should start with 
lifetime models. 
 
Samples of the same components (of even the same batch) do not give exactly the same lifetime, 
which makes simple analysis on lifetime difficult, if at all possible.  Instead, statistical analysis 
of lifetime, in which the lifetime distributions are devised and manipulated, has expanded rapidly 
and found numerous applications in biomedical and engineering science [7].  In general, the 
lifetime distribution is derived from empirical data, usually by fitting them to certain parameters 
of the distribution [8].  For power system components, Weibull distribution is the most 
commonly accepted probability density function (pdf) of component lifetime [9].  Other studies 
on railway maintenance have also found the Weibull distribution appropriate in the formulation 
of lifetime model [10]. 
 
Aging acceleration due to electrical stress can be incorporated in the lifetime model by linking 
the time-scale related parameters of the distribution to the cause of electrical stress (e.g. voltage) 
[11].  This consideration of external factors on aging provides better approximation of the 
process in real applications.  Further studies reveal that it is also possible to model the effects of 
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restoring component condition through regular maintenance [12].  The lifetime distribution is re-
modified to denote the reduced failure rate whenever maintenance work is carried out.  The 
maintenance schedule therefore plays a part in shaping up the subsequent failure rates and 
lifetime distribution. 
 
The next section discusses the development of a lifetime model for traction power system 
components based on Weibull distribution, taking effects of electrical stress into account and 
allowing for condition restoration on the components by the maintenance work.  The model thus 
gives rise to a software tool which offers quantitative evaluation of risk and cost under different 
maintenance intervals.  
 
 
3. LIFETIME MODEL 
 
3.1 Lifetime distribution 
It is assumed that a component in the traction power system is operated in its useful life period 
 initially, whereas  is given by the manufacturers.  The failure rate ut ut λ  remains constant 
during .  Upon the expiry of , the component enters its wear-out period [13] in which the 
component condition starts deteriorating and the failure rate increases linearly with time.  The 
probability density function of lifetime is thus a combination of an exponential and a Weibull 
distribution, for the useful life phase (i.e. 
ut ut
[ ]utt ,0∈ ) and wear-out period (i.e. ),[ ∞∈ utt ) 
respectively.  The combined lifetime distribution ( )tl  is defined as follows [12]. 
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where  and ( ) ββββλα /1/1 −−= ut βα ,  are the scale and exponential parameters of Weibull 
distribution. 
 
3.2 Monte Carlo simulation and cost function 
Based on the lifetime distribution in equation (1), random samples of failure time are drawn from 
the corresponding cumulative lifetime function and compared with the maintenance interval .  
With Monte Carlo simulation techniques, the distribution and statistics of failure frequency over 
Mt
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a period of time, as well as a cost related to maintenance and consequences of failure, are 
determined. 
 
The surviving time distribution, , of the component is defined by .  Hence,  ( )tS ( ) ( )dttltS
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The cumulative lifetime function  is thus given as ( )tL
( ) ( ) ( ) ( )tSdttldttltL
t
t
−=−== ∫∫ ∞ 11
0
          (3) 
 
To start the Monte Carlo simulation, a uniformly distributed random number  is drawn 
between [0, 1] and the corresponding random sample of failure time  is obtained from 
Fu
Ft ( )tL  as 
below. 
( )Fu−− 1ln1λ  
 ( )UF uu ≤≤0             ┌ =F
           │ 
t    │ 
           └ ( ) ( )
ββ
λββ
/11
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−
F
u
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t
t  
 ( )1≤≤ FU uu                        
                                      (4) 
where ( )uU tu λ−−= exp1 . 
 
If  is smaller than the maintenance interval , the failure occurs before the next scheduled 
maintenance whilst a larger  implies the maintenance work has restored the condition of the 
component and prevented it from an imminent failure.  When a component is maintained at the 
scheduled time or repaired (or even replaced) upon the occurrence of failure, it will be brought 
back to the useful life phase.   
Ft Mt
Ft
 
Another random sample of failure time is then taken to check if the next failure could have 
occurred before the next scheduled maintenance work.  From successive comparisons between 
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Ft  and , the numbers of occurrences of failures before and after the scheduled maintenance, 
 and  respectively, are updated.  Given that the time to complete each maintenance work 
for the component is  and the repair time upon a failure is , the process of random 
sampling and comparison of failure time repeats until a specific time period T is up.  The 
condition to terminate the process is thus given as follows. 
Mt
FN MN
MT BT
( ) ( ) TTtTt BM N
i
BF
N
i
MM ≥+++ ∑∑              (5) 
 
The failure frequency F and the overall cost C are thus defined by the equations below. 
( ) ( )∑∑ +++
=
BM N
i
BF
N
i
MM
B
TtTt
NF             (6) 
                    (7) BBMM NCNCC +=
 
MC  and  are the cost for each scheduled maintenance work and repair work upon breakdown 
respectively.  Usually,  is significantly higher than  as a component breakdown may lead 
to disruption or even loss of system services, which imposes substantial indirect cost to the 
service users. 
BC
BC MC
 
To carry on the Monte Carlo simulation, the above process is repeated a specific number of times 
in order to attain the probability density functions of F and C for a certain .  By comparing the 
pdf’s of F and C for different ’s, railway operators are able to quantify the risk taken and the 
corresponding cost under different maintenance schedules (even the means of F and C are useful 
for simple evaluation). 
Mt
Mt
 
3.3 Electrical stress 
Electrical stress often hastens the aging process of a component in traction power system and it 
is caused mostly by electrical gradient in the insulation [11].  With Weibull distribution on 
failure time, the inverse power model [14], as shown in the following equation, is one of the 
commonly adopted model to relate the applied voltage V to the Weibull scale parameter α .   
bVa −=α                     (8) 
where a and b are non-negative constant. 
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Voltage at a particular point in the traction power system is unlikely to be constant even though 
the fluctuation must be within a certain range.  The voltage variation depends on the traffic 
demand, traction equipment characteristics, feeding system layout, track geometry and even 
driving behaviour.   In order to incorporate the effect of voltage variation into equation (8), the 
voltage pdf’s derived from a probabilistic load flow study [15] are used.  The formulation of the 
voltage pdf’s has taken into account the above factors to voltage variations under specific 
feeding arrangements and traffic conditions. 
 
Given the constants a and b, a random sample is drawn from the cumulative voltage function to 
define the scale parameter of Weibull distribution according to equation (8).  The Weibull 
distribution is then used, as described in the previous section, to obtain the mean values of failure 
frequency and cost, F  and C .  Further random samples of voltage are taken to repeat the 
process in Monte Carlo simulation and the eventual outcomes are the pdf’s of F  and C , which 
are the indicators to evaluate different maintenance schedules.   
 
 
4.  SIMULATION RESULTS AND DISCUSSIONS 
 
The application of the proposed lifetime models is illustrated by the following examples.  With 
the assumption that the useful life period is known, the failure frequency and cost under different 
maintenance intervals are evaluated.  Inclusion of electrical stress in the model is demonstrated 
in the subsequent examples.  The models have been implemented in a supervisory software tool 
and the Monte Carlo simulations are carried out on an IBM-compatible 2.4GHz PC.  Each 
simulation takes a few minutes only even with 10,000 random samples. 
 
4.1 Lifetime model 
Two cases are given here to demonstrate how the lifetime model evaluates the optimal 
maintenance intervals for components of different lifetime characteristics.  The common data are 
as follows: 
T = 50 years;   = 5 hours;    = 48 hours;   MT BT
MC  = $1,000;   = $200,000,   BC β  = 2 
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Case 1: In this case, = 0.5 year and ut λ  = 0.1 failure/year.  Figures 1 shows the pdf of failure 
frequency for maintenance interval  of 1 year and Table 1 summarises the probabilities of the 
failure frequency and cost above certain levels with different values of .  The variations of 
mean values of failure frequency and cost, 
Mt
Mt
F  and C  with , derived from the failure 
frequency and cost distributions, are then given in Figures 2 and 3.   
Mt
 
Case 2:  In this case, = 0.3 year andut λ  = 0.05 failure/year.   Figures 4 and 5 illustrate F  and C  
variations with , followed by Table 2 which lists the probabilities of failure frequency and 
cost above certain levels. 
Mt
 
Figs. 2 and 4 show clearly that the failure frequency increases with maintenance intervals.  It is 
particularly apparent when , where the failure rate starts rising according to the Weibull 
distribution.  (A higher value of 
uM tt >
β  should have made the increase in failure frequency more 
drastic.)  As a result, the overall cost escalates very quickly as the repair cost dominates with 
high .   Mt
 
On the other hand, short maintenance intervals, while ensuring lower failure frequency, induce 
excessive cost due to over-maintenance.  Unsurprisingly, there exists an optimal cost, as 
indicated in Figs. 3 and 5.  However, the corresponding maintenance intervals are beyond the 
useful life phase.  In other words, the lowest cost does not necessarily imply the lowest failure 
frequency and hence the highest reliability.  Tables 1 and 2 are therefore useful for the railway 
operators to compare risk undertaken and cost incurred under different maintenance intervals and 
decisions can be made with respect to their required levels of service quality. 
 
It should be noted that a component with a lower failure rate, as in Case 2, requires substantially 
lower overall cost despite a shorter useful life phase.  Hence, highly reliable components may be 
more expensive but the saving on maintenance (and implicitly avoidance of the inconvenience 
brought by breakdown) usually covers the initial cost in long-run. 
 
4.2 Electrical stress 
According to equation (8), voltage pdf is the starting point of the lifetime model with electrical 
stress.  Fig. 8 demonstrates an example of catenary voltage pdf in the vicinity of a feeding 
substation of an autotransformer system [15] in which the nominal voltage is 27.5kV.  This 
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voltage pdf is derived for a specific traffic condition and voltage pdf’s from different traffic 
conditions can be obtained similarly with the probabilistic load flow study.  The spread of 
probability distribution on both sides of 27.5kV indicates that regenerative braking is allowed.  
 
With the same common data as adopted in the previous section, the following two examples 
make use of the voltage pdf in Fig. 6 as the electrical stress acted on the component in question. 
The mean failure frequency and cost distributions with different values of parameters in the 
inverse power model are thus attained. 
 
Case 3:  = 0.5 year, a = 70 and b = 1 are adopted in this case.  The mean failure frequency 
distribution for  of 0.1 and 1 year are given in Figs. 7 and 8.  Summary of mean failure 
frequency and cost higher than certain values is listed in Table 3.  
ut
Mt
 
Case 4: In this case,  = 0.5 year, a = 30 and b = 1.  Again, the mean failure frequency 
distributions for different ’s are shown (Figs. 9 and 10), followed by the summary of average 
failure frequency and cost (Table 4). 
ut
Mt
 
The results show that it is still more likely to have higher failure frequency with longer 
maintenance interval.  Because of the wide variation of voltage (which should be within a certain 
range of the nominal voltage [16] though), the resulting mean failure frequency and hence the 
mean overall cost also vary over a wide range.  The voltage distribution inevitably dominates the 
shape of mean failure frequency pdf’s, as well as that of the mean cost and probabilities of 
certain ranges of failure frequencies. 
 
In the two given examples, change in parameter a (from 70 to 30) results in huge increase of 
failure frequency.  As the time scale of lifetime is condensed with a lower value of a, aging is 
accelerated.   From Tables 3 and 4, the mean failure frequency and overall cost follow the same 
trend as in the previous examples.  An optimal cost can be achieved but the corresponding failure 
frequency is not necessarily at the minimal.  More such tables of probabilities, with different 
thresholds on failure frequency and cost, can be attained from the pdf’s and they provide the 
railway operators with useful information to facilitate the decision-making process on 
maintenance schedules. 
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5.  APPLICABILITY ENHANCEMENT 
 
The lifetime model presented in this study can be applied to any component in traction power 
system in general.  However, the parameters in the model, , ut λ , α , β , a and b, vary with 
different components and more importantly they may not be readily available.  Some parameters, 
such as  and ut λ , are usually supplied by the manufacturers but others in Weibull distribution 
and inverse power model have to be deduced from empirical data.  As each railway system is 
unique in terms of its working environment and weather, traffic demand patterns and system 
integration, the parameters in the lifetime model would have been different even if the same 
components were employed.  Railway operators need to collect data on component aging in their 
own systems and estimate the lifetime parameters with appropriate methods [17-18] in order to 
take the full advantages of this model. 
 
The components are regarded as independent entities in the study.  In practice, the well-being of 
a component may depend on the condition of another component.  Deterioration or even 
breakdown of a component may help push the surrounding components toward failure.  The 
inter-dependence of reliability among components can also be included in the lifetime model in 
order to improve the accuracy on failure prediction.  Like reliability-centre maintenance 
practices [6], the functions and boundaries of the components have to be listed out, followed by 
failure mode and effect analysis to evaluate the failure consequences of each component. 
 
Most maintenance works on traction power systems are carried out along the track with the 
section closed for train service.  It is thus more cost-effective to coordinate with other 
maintenance work (e.g. rails and sleepers) which also requires track closure.  Scheduling of other 
maintenance work is also subject to deterioration conditions and aging rates of the maintained 
systems, as well as crew and equipment allocation.  Synchronising maintenance work on 
different systems thus introduces additional dimensions to this scheduling problem. 
 
 
6.  CONCLUSIONS 
 
Reliability of the traction power system is one of the keys to high level of service quality in 
electrified railways.  Regular maintenance is the only means to ensure high reliability.  While the 
lengths of maintenance intervals have the railway operators juggling between failure risk and 
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cost, the problem is further complicated by the lifetimes of the components and external causes 
hastening their aging processes.  The paper presents a stochastic lifetime model which has been 
implemented as a software tool to evaluate the relative risk and cost of different maintenance 
intervals on the components of a traction power system.  The model consists of descriptions of 
aging with time and condition restoration by maintenance.  Aging due to electrical stress, which 
may vary with traffic demands or loading conditions, is also included in the model.  Simulation 
results have demonstrated how maintenance intervals are evaluated quantitatively with 
comparisons of the probabilities of the induced risks and costs. 
 
With the generic lifetime model applicable to any component in the traction power system, this 
paper outlines the necessary further works to enable the model to be fully utilised.  The work 
described here is only parts of the extensive research on asset management in railway operation 
which has become very competitive and business-oriented upon railway privatisation or 
deregulation. 
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Fig. 1 Case 1, failure frequency distribution with =1 year Mt
 
 
Fig. 2 Case 1, Average failure rate variation with  Mt
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Fig. 3 Case 1, Average cost variation with  Mt
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Fig. 4 Case 2, Average failure frequency variation with  Mt
 
600000
700000
800000
900000
1000000
1100000
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1 1.1 1.2 1.3 1.4 1.5 1.6 1.7 1.8 1.9 2
maintenance cycle, (year)
O
ve
ra
ll 
co
st
, (
H
K
D
)
 
Fig. 5 Case 2, Average cost variation with  Mt
 
 
Fig. 6 Typical voltage pdf 
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Fig. 7 Case 3, mean failure frequency distribution with =0.1 year Mt
 
 
Fig. 8 Case 3, mean failure frequency distribution with =1 year Mt
 
 
Fig. 9 Case 4, mean failure frequency distribution with =0.1 year Mt
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Fig. 10  Case 4, mean failure frequency distribution with =1 year  Mt
 
 
 
 
Mt  (year) 0.1 0.3 0.5 0.8 1.0 1.2 1.5 2.0 
Prob. of F ≥  0.1/year 0.3764 0.3822 0.3972 0.4322 0.5044 0.5538 0.6664 0.7976
Prob. of C ≥  $1M 0.8666 0.5648 0.5586 0.6118 0.6796 0.7326 0.7998 0.896 
Table 1  Case 1, Probabilities of F  and C  above 0.1 failure/year and $1M respectively 
 
 
Mt  (year) 0.1 0.3 0.7 1.0 1.5 2.0 
Prob. of F ≥  0.1/year 0.0392 0.0458 0.076 0.1528 0.2988 0.4648 
Prob. of C ≥  $1M 0.4652 0.1116 0.1772 0.2802 0.473 0.6442 
Table 2  Case 2, Probabilities of F  and C  above 0.1 failure/year and $1M respectively 
 
 
Mt  (year) 0.1 0.3 0.5 0.8 1.0 1.5 2.0 
Prob. of F ≥  0.3/year 0.4371 0.4619 0.4598 0.7447 0.9363 0.9999 1 
Prob. of C ≥  $3.2M 0.9155 0.4006 0.2904 0.5309 0.8073 0.9997 1 
Table 3  Case 3, Probabilities of F  and C  above 0.3 failure/year and $3.2M respectively 
 
 
Mt  (year) 0.1 0.3 0.5 1.0 1.5 
Prob. of F ≥  1.5/year 0.8654 0.8744 0.8623 0.9867 1 
Prob. of C ≥  $15M 0.9475 0.9050 0.8899 0.9907 1 
Table 4  Case 4, Probabilities of F  and C  above 1.5 failure/year and $15M respectively 
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